We analyze a topological structure of networks formed according to the entries and trackbacks in the blogosphere, which is a collection of weblog articles. The analysis is performed based on community extraction, network visualization and keyword analysis. It is shown that the large-scale structure of the blogosphere has a globally sparse, but locally dense structure. The entries in a community yield a dense structure while the trackbacks that interconnect communities are sparse. The visualized results show sparkling-firework-like patterns. We then attempt to characterize the communities using a tf-idf technique. It is found that specific topics are discussed in each community. These * Co-first authors. † Corresponding author.
Introduction
The blogosphere is a collection of weblogs. The weblog (or simply blog) is a form of website that is generally composed of personally written documents on the World Wide Web, and is usually published with automated publishing software tools. Weblogs are basically large queues of articles, or entries, with new entries appearing at the top. The typical weblog contains some body text paragraphs, comments to the author written by readers, embedded internal hyperlinks (i.e., within the same weblog) and external hyperlinks (i.e., to other websites), images, and a set of reverse pointers to the weblog itself that exist in other weblogs, known as trackbacks. The blogosphere has been said to be a reflection of current trends and discussions in the real world. Weblogs have recently become the fastest growing part of the World Wide Web and are continuously evolving as an important communication mechanism for an increasing number of people [5] . Weblogs are used as tools for social networking and organizational computing [9] , and for enhancing scientific communication, collaboration and discussion in academia [3] .
In recent years, the network structure of the blogosphere has been investigated by several researchers [10, 7, 4, 5, 15] . These studies have demonstrated several features of the blogosphere, especially by studying the network structure of citation patterns among weblogs. In these studies, measures and methods [2, 8, 13 ] that have been developed in social network analysis were used, and the properties of small-world, disassortative mixing patterns, community structures and properties evolving from patterns in time-series were clarified. However, the details are still being investigated because the blogosphere has become too immense and too quickly changing to be informative over a long period of time. Therefore, it is quite difficult to explore the entire blogosphere and to investigate a growth mechanism.
In the present paper, a topological structure of a network formed according to the entries and trackbacks in the blogosphere is studied, where the entries are regarded as nodes and trackbacks are regarded as edges. We focus on a mesoscale structure after extracting communities from the network, since the entire structure is too large and complex. Therefore, the nature of communities is investigated using the tf-idf technique. We will show one of the common large-scale structures among the networks using several datasets collected in different manners.
Method

Network formation from weblogs
It is natural to regard each entry in a weblog as a node in a network. In contrast, there are several candidates of an edge to link nodes. In the present method, we focus on trackbacks. Trackback is a protocol used to form relationships or citations between weblog entries, and is implemented in most major weblog publishing systems. We consider trackbacks as edges for the following reason. Lin et al. assumed that trackback represents a mutual awareness, and revealed that trackbacks enable community structure to be detected more effectively than by hyperlinks [11] . Following this idea, we first assume that the trackbacks represent higher mutual awareness than hyperlinks. An action in which a person writes an entry A sends a trackback ping to an entry B consumes more time than other actions required in order to make a simple hyperlink. Therefore, we are able to consider that the blogger who wrote entry A pays careful attention to entry B. The blogger who wrote entry B is also able to recognize the trackback sent from entry A. Second, there are many types of hyperlinks in an entry. Hyperlinks in the headers or sidebars of an entry do not always represent a semantic relation among entries. In this way, we consider that semantic relations among the entries can be more accurately captured by trackbacks than by hyperlinks.
Entries of Japanese weblogs are collected by crawling trackbacks from some seed entries, until all trackbacks have been crawled. We test the following three approaches for selecting certain seed entries. Dataset #1 is constructed from a randomly chosen seed entry by the snow-ball sampling method. Data collection was performed during December, 2004. This is the same dataset as analyzed in Ref. 16 . Dataset #2 is composed of all entries from ping servers in Japan for a period of approximately three weeks, where the number of entries is estimated to be more than ten million. The data was collected during September, 2006. The entries were collected from major ping servers in Japan. Trackbacks among these entries were then crawled. Dataset #3 is the largest connected component of the second dataset. This is used for comparison with dataset #1.
The structure of these three networks is represented by a unweighted directed graph since trackbacks are directional. However, in order to apply later a common method for community detection, we consider the networks to be undirected and each edge to be bi-directional. In order to justify the bi-directionalization of edges, it is required that two entries connected by an edge have a clear semantic relation. As Lin et al. [11] pointed out, each author of two entries connected with a trackback link may be aware of each other, hence stronger relationships can be assumed to be reflected in trackbacks than hyperlinks [11] . This is why we focus on trackbacks instead of simple hyperlinks as edges of the networks.
Extracting communities from the network
Next, we extract groups of closely related entries as communities. A community is identified as a group of nodes within which trackbacks inside the same group are denser than those connecting nodes of different groups. Since the contents of weblog entries substantially reflect authors' interests, we can assume that there tends to be more mutual awareness among entries that discuss similar topics. Therefore, a trackback between these nodes is more likely to occur. Based on this idea, we formulate the assumption that classification of the network of trackbacks using a topological clustering method would succeed in grouping related entries. In the present paper, we exploit a hierarchical clustering method based on modularity optimization, the details of which are described in the Appendix.
Characterizing communities by featured terms
Finally, we attempt to characterize the communities based on the hypothesis that one of the major causes of organization in the blogosphere is semantic relations of contents between the entries. To explore the implication of communities, we attempt to detect some main topics discussed in each community.
The simplest method would be to extract featured terms in an entry by a term frequency based method, which is simply counting the occurrence of terms in a community. However, the term frequency is affected by the length of the document and the number of entries in the community. Moreover, general terms, for example, "this", "I", "you" tend to be identified as featured terms in many communities. Therefore we need some method for normalization.
To overcome these problems, we apply the tf-idf (term frequency-inverse document frequency) technique in two separate steps. In the first step, we calculate the tf-idf weights of terms in an entry by Eq. (1). The n largest terms with respect to this score in an entry are extracted as featured terms of the entry. In this process, we only consider noun phrases.
where tf i,j is the frequency of term i in entry j, df i is the number of entries containing term i, and N is the total number of complete entries. This procedure normalizes the length of entries and decreases the weights of general terms. However, if we simply sum the frequency of terms from Eq. (1), some communities may be represented by the same or similar terms. For example, terms peculiar to weblogs such as "trackback" or "post", or seasonal terms such as "summer" or "2007" would appear as featured terms in many entries, and they are not specific enough to represent topics of entries and communities. To detect the featured terms more precisely, we propose another normalization procedure.
In the second process, we calculate the tf-idf weights of terms in a community by Eq. (2).
where tf * i,k is the frequency of term i in community k (which means the number of entries that have the term i in their n featured terms), df * i is the number of communities in which at least one entry contains the term i as a featured term, and C is the total number of all communities. The more frequently in a certain community and the less frequently in other communities a term appears, the larger tf idf * i,k for the term becomes. Therefore, the m largest terms with respect to this score are considered to be the featured terms that represent the topic discussed in the community.
Empirical Results
Large-scale structures
Fundamental quantities of the datasets are shown in Table 1 . Dataset #2 has much fewer trackbacks as compared to the number of entries, than dataset #1, due to the difference in the data collection method. It turns out that dataset #2 consists of many small components in which only a few entries are interconnected and there are numerous (99% of the total) isolated entries without any trackbacks, while dataset #1 is composed of a single connected component. The largest connected component in dataset #2, denoted as dataset #3, includes only 0.2% of the total entries; the second largest component is as small as 0.00004%.
The networks are divided into 127 communities for dataset #1, 21,915 for dataset #2 (most of which are composed of small disconnected components), and 210 for dataset #3. The maximal value of modularity Q is 0.94, 0.99, and 0.98 for datasets #1, #2 and #3 respectively. Visualized networks are shown in Figs. 1-3 . In these figures, edges in the same community are drawn in the same color. Nodes are coordinated by the network drawing tool LGL (large graph layout) [1] . Note that dataset #2 exhibits a very scattered nature because the dataset is not fully connected and is instead composed of a number of disconnected components.
Characterization of communities
Next, we tested the community characterization method using dataset #1. Using Eq. (1), we identified the 20 terms of each entry obtaining the highest tf idf i,j scores as featured terms. Then, by Eq. (2), the 20 terms with the highest tf idf * i,k scores in each community were identified as featured terms of communities.
As representative results, the featured terms for the top five and the middle five (from the 61st to the 65th out of 127) communities in size (number of entries) are shown in Table 2 . The five terms with the highest score of tf idf * i,k are representative results. We confirmed that other communities in this dataset and other datasets have the same characteristics.
To verify the efficacy of the present method, the top five terms of tf * i,k , without applying Eq. (2), are shown in Table 3 for comparison. Compared to the results in Table 2 , the score of general or noise terms which appeared in many communities, such as "trackback" or "2004", are larger and the scores of proper nouns were lower in Table 3 . Normalization using df * i results in the characteristic terms in each community are highlighted.
Topics in communities and growth patterns
We find that the contents of entries in communities are reflected in the featured terms. In community ID1, we can see that these entries are about the Mid Niigata Earthquake of 2004, a huge earthquake occurring in Niigata Prefecture, in which thousands of people suffered. ID2 is a discussion about a strike by the Japan Professional Baseball Players Association concerning consolidation of teams and entry of a new team. There were many discussions for and against when a venture company, Livedoor, announced it was taking over an old baseball team and entering the baseball league. In ID3, bloggers were discussing about the restructuring of the public annuity system in Japan. Takeshi Kimura, who is an influential blogger, led the discussion.
In the middle-scale communities, particular topics were identified as well. In ID61, Shinjo, who was a baseball player in Hokkaido Nippon-Ham Fighters, a professional baseball team in Japan, was discussed. The topic concerned a game where he hit a bases-loaded game-ending home run, but the score was canceled because he passed another runner, Yukio Tanaka, whilst running, on September 20, 2004. ID62 was about a Korean actress, Jeon Jihyeon and her movie "My Sassy Girl". October 30 is her birthday, and her next movie "Windstruck" was going to be released soon (on December 11, 2004) . on about October 20, 2004 on ID1, and around September 15 on ID2. In the real world, The Mid Niigata Prefecture Earthquake of 2004 was on October 23, and the strike by the Japan Professional Baseball Players Association was on September 17. We confirmed that upsurge in the blogosphere occurred following these real events. On the other hand, the community ID3 has no emergent peak. In the real world, the topic in ID3, "restructuring the public annuity system in Japan", had been discussed for months in 2004. For relatively small communities, the same kind of upsurge was observed. In Fig. 5 , the time-series number of posted entries in ID61 ("Shinjo home-run"), ID62 ("My Sassy Girl movie") and ID63 ("Harry Potter and the Prisoner of Azkaban movie") are indicated. Also in these cases, their upsurge points corresponded well to related real events that we have already mentioned.
Evaluation of communities and featured terms
We also tested the validity of featured terms in communities. In order to evaluate how the present method identifies topics of communities from the featured terms properly, we calculated an overlap between the featured terms of individual entries and those of each community, and ranked the communities by the number of overlaps of the featured terms. Suppose an entry E is assigned to a community C. For the entry E, overlaps between the featured terms of E and the featured terms of each community are calculated and each community is ranked according to the magnitudes of the overlaps with entry E. If the rank of community C for entry E is high, then the overlap between E and C is large and the overlaps between E and the other communities are relatively small. This means that entry E and community C have a relatively large number of common featured terms. Therefore, if the ranks are higher, the entry is assumed to be located in a more appropriate community.
We described the ranks of the communities by the present method for each entry in Table 4 . More than 60 percent of all entries shared the most terms with the community which the entry belongs to.
Discussion
Figures 1, 2 and 3 show a common characteristic pattern which has large numbers of edges within communities and few edges linking communities, independently of the dataset being considered. In other words, the blogosphere turned out to be globally sparse, but locally cohesive, with a kind of sparkling-firework-like structure. Indeed, the values of the modularity Q for these datasets are significantly large in comparison with other examples of networks. For instance, in a network of collaborations between physicists formed by paper co-authorship, the maximal Q was 0.713 [12] . Newman pointed out that Q usually falls in the range between about 0.3 to 0.7 in practice, and higher values are rare [14] .
From a macroscopic view, the blogosphere has the characteristic that it is evolving, and it appears to be organized as sparsely connected bunches of entries which are densely interconnected by trackbacks. An entry can be linked via trackbacks to tens or hundreds of other entries in a community.
These characteristics of the blogosphere prove to be useful for topic identification by the proposed method. Particular topics are identified by assigning featured terms to each community. However, in some communities such as ID4 and ID5, terms which can be considered to be noise were featured, and this made it difficult to extract the topics by means of featured terms. Actually, in ID4 and ID5, there tended to be many entries with fewer texts, largely because they were photologs, exhibiting seasonal photos.
The temporal analysis of community growth showed that communities emerged corresponding to topics in the real world, regardless of their sizes. Thus, we have used the present method to successfully classify topics in the blogosphere. Due to the strong community structure of the networks, we can identify which topic is attracting bloggers' attention at a particular point in time, by examining featured terms and watching the growth patterns of communities, and inferring how popular a topic is by watching the way the size of corresponding community behaves.
The present method is a combination of the semantic and the citation-based approaches. We focused on the network of weblog entries and trackbacks and communities in the network, based on the hypothesis that the structure of blogosphere is globally sparse but locally dense, and that similar topics are discussed in a densely-connected community simultaneously. Utilizing the characteristic largescale structure of the blogosphere, we found that the method we have used to identify and classify communities in the network is well suited to identify topics and their evolution.
Conclusions
In the present paper, we analyzed a topology formed by trackbacks in the blogosphere by community extraction. The blogosphere was shown to have a globally sparse, but locally dense, sparkling-firework-like structure, where entries form sparsely interconnected communities. This feature is commonly observed regardless of parent population. Moreover, visualization of the community structures of the networks that we have carried out in the present paper enabled us to grasp intuitively the structure of the blogosphere and the communities and their scales.
In addition, we confirmed that particular topics are discussed in each community, and hence could observe the topic by analyzing the network structure in the blogosphere. These results will be helpful in identifying the topics that are being actively discussed and to detect trends in the blogosphere.
Appendix. Extracting Community Structures
Community is a group of nodes within which links are relatively dense. More precisely, community in network is defined as a group of nodes within which links inside the same group are denser than those connecting nodes of different groups [14] . Note that the community separation in this definition does not use any content (body texts, etc...) in the entries. In the present paper we exploit a hierarchical clustering method proposed by Newman [12] , which is able to deal with large networks with reasonable computation time.
The method assumes that a network is undirected and unweighted. A community separation is evaluated by a parameter called modularity Q, which is defined as follows:
where e ii is the fraction of edges within community i, and a i is the fraction of all ends of edges that are attached to nodes in community i. A network is divided into communities so as to maximize the modularity. If a network is composed of separate, disconnected communities, Q = 1, whereas if communities are randomly separated, Q = 0. Refer to Ref. [12] for details.
It is known that in many cases the sizes of communities extracted by Newman's method follow a power-law [12] . Fortunato and Barthélemy reported that community detection methods based on modularity optimization such as Newman's method have a resolution limit and may fail to identify communities smaller than a certain scale which is dependent on the size of the network [6] . We confirmed the power-law distribution in community sizes in all datasets we studied. Nevertheless, utilizing the present method, certain topics can be identified in large-or medium-sized communities.
